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ABSTRACT: Atmospheric River Reconnaissance has held field campaigns during cool seasons since 2016. These cam-
paigns have provided thousands of dropsonde data profiles, which are assimilated into multiple global operational numeri-
cal weather prediction models. Data denial experiments, conducted by running a parallel set of forecasts that exclude the
dropsonde information, allow testing of the impact of the dropsonde data on model analyses and the subsequent forecasts.
Here, we investigate the differences in skill between the control forecasts (with dropsonde data assimilated) and denial
forecasts (without dropsonde data assimilated) in terms of both precipitation and integrated vapor transport (IVT) at
multiple thresholds. The differences are considered in the times and locations where there is a reasonable expectation of in-
fluence of an intensive observation period (IOP). Results for 2019 and 2020 from both the European Centre for Medium-
Range Weather Forecasts (ECMWF) model and the National Centers for Environmental Prediction (NCEP) global model
show improvements with the added information from the dropsondes. In particular, significant improvements in the control
forecast IVT generally occur in both models, especially at higher values. Significant improvements in the control forecast
precipitation also generally occur in both models, but the improvements vary depending on the lead time and metrics used.

SIGNIFICANCE STATEMENT: Atmospheric River Reconnaissance is a program that uses targeted aircraft flights
over the northeast Pacific to take measurements of meteorological fields. These data are then ingested into global
weather models with the intent of improving the initial conditions and resulting forecasts along the U.S. West Coast.
The impacts of these observations on two global numerical weather models were investigated to determine their influ-
ence on the forecasts. The integrated vapor transport, a measure of both wind and humidity, saw significant improve-
ments in both models with the additional observations. Precipitation forecasts were also improved, but with differing
results between the two models.
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1. Introduction

Operational numerical weather prediction (NWP) models
can have inadequate representations of initial conditions
in data-sparse areas, such as over the oceans, especially in
cloudy conditions and precipitating areas associated with at-
mospheric rivers (ARs) and midlatitude cyclones (Zheng et al.
2021a). Since NWP is an initial value problem, improving the
representation of the initial atmospheric state in NWP models
has a strong potential to improve forecasts. This unsurprising
finding has been consistently reported in the literature for
decades (e.g., Arnold and Dey 1986; Rabier et al. 1996;
Szunyogh et al. 2000; Cardinali 2009; Torn and Hakim 2009;

Doyle et al. 2014; Ralph et al. 2014; Neiman et al. 2016;
Demirdjian et al. 2020; among others). Specifically, Reynolds
et al. (2019) showed that the initial condition errors in and near
ARs are most effective in triggering short-term forecast errors
for heavy precipitation events over the U.S. West Coast, based
on landfalling ARs that brought record-breaking precipitation
totals to California in early 2017. They also demonstrated that
both kinematic and precipitation metrics are most sensitive to
initial conditions in the mid- to lower-troposphere, correspond-
ing to most data void regions for ARs (Zheng et al. 2021a).

Atmospheric River Reconnaissance (AR Recon), a pro-
gram that uses targeted airborne and buoy observations over
the Northeast Pacific Ocean, is an international research and
operations partnership (RAOP) between academic institutions,
government agencies, stakeholders, and operational centers to
improve forecasting of ARs and their associated impacts in the
western United States (Ralph et al. 2020; Cobb et al. 2023). AR
Recon supports the improved prediction of landfalling ARs
on the U.S. West Coast by supplementing global and regional
observing systems with targeted dropsonde observations of
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atmospheric profiles of water vapor, temperature, and winds
within ARs and in their vicinity as well as ocean surface drifters
measuring sea level pressure among other parameters. Addi-
tional components of AR Recon include a partnership with
the NOAA-funded Global Drifter Program led by the Scripps
Lagrangian Drifter Laboratory to add barometers to the regu-
lar drifters (Centurioni et al. 2017). These are deployed annu-
ally with both the Air Force Reserve Command and ships of
opportunity. AR Recon also supports airborne radio occulta-
tion, which provides complementary profiles of temperature
and moisture and is currently under development for opera-
tional data assimilation (Haase et al. 2021). AR Recon flight
tracks are designed to target sensitive regions where a better
representation of the initial state of the atmosphere could
most efficiently improve model accuracy in the verification re-
gions. These sensitive regions are identified using fundamental
physical knowledge of essential atmospheric structures like atmo-
spheric rivers, vorticity strips, the upper-level jet, and extratropi-
cal cyclones, as well as using algorithms looking at ensemble
sensitivities (Torn and Hakim 2008; Zheng et al. 2013) or apply-
ing adjoint model techniques (Doyle et al. 2014) to identify
where observations to constrain the initial conditions of the mod-
els may be most useful. The major focus is on the core of the
AR, located in the lower troposphere, below approximately the
700-hPa pressure level, and often associated with upper-level
clouds, where it is difficult to observe with satellites (Zheng et al.
2021a). Secondary targets include dynamical features that may
modulate the structure and evolution of the ARs. Daily forecast
briefings include a comprehensive discussion of these targets in
context of the forecast evolution and model differences (Ralph
et al. 2020; Cordeira et al. 2017).

Recent studies have investigated the impacts of AR Recon
dropsonde observations on the initial conditions and the fore-
cast skill with a variety of analysis methods and NWP models.
Lavers et al. (2018) identified large errors in the modeled inte-
grated vapor transport (IVT) by comparing the differences
between dropsonde observations from AR Recon 2018, the
short-range forecasts (i.e., model background) and analyses in
the European Centre for Medium-Range Weather Forecasts
(ECMWF) Integrated Forecasting System (IFS). These IVT
errors are largely attributable to wind errors at the top and
above the planetary boundary layer, such as near the 850-hPa
pressure level, where the data void is evident as well (Zheng
et al. 2021a). Stone et al. (2020) assessed the impact of drop-
sondes collected during AR Recon 2018 by employing the fore-
cast sensitivity observation impact (FSOI) computation available
in the Navy Global Environmental Model (NAVGEM) sys-
tem and found that the per observation impact from the drop-
sonde profiles can be more than double of that from the North
American radiosonde observing network. Zheng et al. (2021b)
systematically evaluated the impact of dropsondes taken dur-
ing AR Recon 2016, 2018, and 2019 through full NWP data
denial experiments using the regional Weather Research and
Forecasting (WRF) Model (Skamarock et al. 2019) and the
four-dimensional ensemble–variational (4DEnVar) method
(Kleist and Ide 2015). They found significant beneficial im-
pacts on the forecast skill of IVT and overall positive impacts
on precipitation for lead times up to day 3. Follow-up work by

Sun et al. (2022) further demonstrated the locally comparable
impacts of assimilating dropsondes with that of assimilating
satellite microwave radiances from the NOAA-19 Advanced
Microwave Sounding Unit A (AMSU-A), theNOAA-19Micro-
wave Humidity Sounder (MHS), and the Suomi National Polar-
Orbiting Partnership (SNPP) Advanced Technology Microwave
Sounder (ATMS) through both the FSOI and full NWP experi-
ments with the WRF and 3DVar framework. Positive impacts
from data collected during AR Recon 2020 on the forecast skill
in the National Centers for Environmental Prediction (NCEP)
Global Forecast System (GFS) system are shown in Lord et al.
(2023a,b).

This manuscript investigates the impact of AR Recon data
on the forecast skill over the U.S. West Coast in two major
global operational NWP systems. Cycled data denial experi-
ments were performed in both operational modeling systems
by withholding dropsonde observations during the data assim-
ilation step from 22 intensive observation periods (IOPs) dur-
ing AR Recon 2019 and 2020. This work is different from
previous studies in that a systematic evaluation will be con-
ducted in multimonth simulations for two seasons with two
leading cycled global NWP systems (i.e., the GFS at NCEP
and the IFS at ECMWF). In particular, this study will focus
on the impact on IVT as the key parameter representing AR
features and precipitation as a critical metric for water re-
source management. Section 2 of the manuscript provides de-
tails on the data and methods used in this work. Section 3
describes the results of the comparison in forecast accuracy
between the control forecasts including dropsonde data and
the denial forecasts excluding those data. Section 4 provides a
discussion and summary of these results in the context of on-
going expansions and improvements in the AR Recon pro-
gram, and a brief conclusion is in section 5.

2. Data and methods

a. Models

This study utilizes two NWP models: the IFS (Hersbach et al.
2020) from ECMWF and the GFS (Yang and Tallapragada
2018) from NCEP. Both of these models provided control and
denial runs for all 22 IOPs in 2019 and 2020. For this study we
utilize the forecasts from 24 to 120 h from each of the models,
initialized at 0000 UTC. There are numerous differences be-
tween the models and their data assimilation systems. Conse-
quently, this study is not intended to be a comparison between
the two models, but rather a presentation of two independent
assessments of the impacts of dropsondes on deterministic fore-
casts in leading global operational NWP models. The following
subsections describe the model details and the experiments de-
signed for this study.

1) ECMWF IFS

The ECMWF IFS version cycle 45r1 (https://www.ecmwf.int/
en/about/media-centre/news/2018/ifs-upgrade-improves-extended-
range-weather-forecasts) was used for control and denial ex-
periments for the period from 0000 UTC 1 February 2019 to
0000 UTC 28 February 2019 and cycle 46r1 ran experiments
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from 0000 UTC 24 January 2020 to 0000 UTC 18 March 2020
for control and denial experiments, for a total of 83 days. The
horizontal grid spacing for this application was approximately
0.228 or 25 km. The model has 137 vertical layers with a model
top of 0.01 hPa. Data assimilation was performed using
4D-Var (Rabier et al. 2000) with 12-h windows (2101–0900 UTC
for 0000 UTC analysis time). IFS cycle 45r1 included treat-
ment of sonde drift where positions of each level are in the bi-
nary report (Ingleby et al. 2018), and cycle 46r1 extended that
treatment to binary dropsonde reports (Ingleby et al. 2019), al-
though for dropsondes the impact of drift is generally small.
More details of in situ observations and their use are found in
Pauley and Ingleby (2022).

In operations, the ECMWF model assimilated data from
AR Recon dropsondes in its deterministic forecasts, which
are referred to as the “control forecasts” in this study. The de-
nial run}referred to as the “denial forecasts”}was carried
out the same way as in the control run except rejecting AR
Recon dropsonde data from the operational observation data-
set. Model outputs interpolated to 0.258 horizontal resolution
were employed to analyze the difference (i.e., impacts from
dropsonde data) between these two sets of forecasts.

2) NCEP GFS

Data denial experiments were also conducted with the de-
terministic NCEP GFS version 15 (GFSv15) global model for
the period from 0000 UTC 1 February 2019 to 0000 UTC
8 March 2019 and from 0000 UTC 24 January 2020 to 0000 UTC
18 March 2020, for a total of 91 days. The Geophysical Fluid
Dynamics Laboratory (GFDL) finite-volume cubed-sphere dy-
namical core (Lin 2004; Putman and Lin 2007; Harris and Lin
2013; Harris et al. 2020) and a suite of physical parameterizations
comprise the GFS model. The GFSv15 upgraded physical param-
eterization package includes replacement of Zhao–Carr micro-
physics with the more advanced GFDL microphysics (Zhou et al.
2019). In the operational setting, the model was run with a hori-
zontal resolution of approximately 13 km. There are 64 levels in
the vertical with the model top at 0.2 hPa. The denial forecasts
were carried out the same way as in the control except rejecting
AR Recon dropsonde data from the observation dataset assimi-
lated in the control forecasts. Note that while the 2020 upgraded
GFSv15 was made operational on 4March 2020, the code was im-
plemented for these experiments before it was operational. As
such, this GFS is a consistent version of the assimilation and

model throughout both the control and denial experiments for
each year.

The corresponding Global Data Assimilation System (GDAS)
at NCEP generated model analyses with the hybrid 4DEnVar
method (Kleist and Ide 2015; Wang and Lei 2014). The hybrid
algorithm combines uncertainty estimates from the ensemble
and a variance that is derived from model data, constant in
time, but spatially varying over the globe. The flow-dependent
part of the background error-covariance matrix was based on
the 80-member ensemble created by the ensemble Kalman filter
method. In GFSv15, the ensemble data were at a horizontal
grid spacing of approximately 25 km. The system was cycled
every 6 h centered at 0000, 0600, 1200, and 1800 UTC.

While both models also assimilate satellite data, it is rele-
vant to note that the ECMWF model assimilates more satel-
lite radiance data than the NCEP model (Geer et al. 2021).
Such differences are expected to affect differences in the
model background, the innovation (i.e., the absolute differ-
ence between the observed and simulated variable) from
dropsondes, and the dropsonde data impacts.

b. AR Recon 2019/20

During the 2019 and 2020 seasons there were 22 successful
IOPs (6 in 2019 and 16 in 2020) each utilizing between one and
three aircraft, that deployed dropsondes assimilated into the
NCEP and ECMWF forecasts (Table 1). In addition to drop-
sondes assimilated in the 0000 UTC window, listed in Table 1,
the NCEP model assimilated an additional 10 dropsondes at
other cycle times, and the ECMWF model assimilated an ad-
ditional 83 dropsondes over all the IOPs in 2019 and 2020.
The difference in the number of dropsondes assimilated be-
tween the two models is partly due to the duplicate checks in
the individual systems and the different lengths of data assim-
ilation windows. There are also cases where some reports
reached one center but not the other. Maps of synoptic-scale
conditions, including IVT values, along with the location of
the drops are available for each IOP at https://cw3e.ucsd.edu/
arrecon_data/.

The aircraft used to deploy dropsondes for these field cam-
paigns include the U.S. Air Force (USAF) Reserve Command
WC-130Js and a NOAA G-IV. Dropsondes manufactured by
Vaisala (RD41) were released from these aircraft in and
around ARs from an altitude of approximately 30 000 feet
(approximately 9100 m) for the WC-130Js and 40 000 feet

TABLE 1. Number of dropsondes assimilated into each of the models for each IOP during the 0000 UTC window. Dates are 0000 UTC
and represent the time the IOP was centered on.

IOP date
No. of drops

NCEP/ECMWF IOP date
No. of drops

NCEP/ECMWF IOP date
No. of drops

NCEP/ECMWF

2 Feb 2019 52/52 24 Jan 2020 37/32 16 Feb 2020 30/27
11 Feb 2019 24/21 29 Jan 2020 21/23 21 Feb 2020 29/26
13 Feb 2019 47/43 31 Jan 2020 24/22 24 Feb 2020 55/51
24 Feb 2019 45/43 4 Feb 2020 70/65 2 Mar 2020 74/72
26 Feb 2019 35/33 5 Feb 2020 30/30 7 Mar 2020 30/26
1 Mar 2019 59/50 6 Feb 2020 59/54 8 Mar 2020 54/49

14 Feb 2020 27/28 9 Mar 2020 29/26
15 Feb 2020 78/73 10 Mar 2020 39/51
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(approximately 12200 m) for the G-IV. Each dropsonde records
pressure, temperature, and relative humidity as it descends
through the atmosphere, with wind and height also reported via
GPS (Cobb et al. 2023). The USAF reports were in alphanu-
meric format, while some of the NOAA profiles were also in
binary format, providing more levels and drift information. These
data provide full profiles of critical parameters in regions specifi-
cally targeted during the ARRecon flight planning procedures.

c. Variables and metrics

A major goal of AR recon is to improve forecasts of ARs and
precipitation. Consequently, this study compares the control fore-
casts (that assimilate the dropsondes) and the denial forecasts
(that exclude the dropsondes) both in terms of integrated vapor
transport (IVT) and 24-h accumulated precipitation.

IVT is calculated as

IVT 5
1
g

�Ptop

Psfc

qV dp,

where g is the gravitational acceleration (m s22), q is the spe-
cific humidity (kg kg21), and V is the horizontal vector wind
(m s21). For ECMWF Reanalysis v5 (ERA5; Hersbach et al.
2020) and ECMWF IFS, IVT is calculated from 1000 hPa
(Psfc) to 300 hPa (Ptop). For NCEP it is calculated from 1000
to 200 hPa. Although the top pressure differs, Ralph et al.
(2017) suggests IVT is insensitive to additional data at pres-
sures lower than 300 hPa.

IVT is verified using ERA5 (Hersbach et al. 2020) as a
proxy to observations with computations made on ERA5’s
0.258 grid, and precipitation is verified using the NCEP Stage-
IV quantitative precipitation estimate (Lin and Mitchell 2005)
as truth, with computations made on Stage-IV’s 4-km grid.
Regridding to put IVT on the ERA5 grid is done with the
nearest neighbor method, and regridding to put precipitation
on the Stage-IV grid is done with the budget method. All re-
gridding was done using the Model Evaluation Tools (MET)
package (https://www.dtcenter.org/community-code/model-
evaluation-tools-met). While no verification dataset is perfect,
Stage-IV data are widely used as a reference for precipitation
because of its accuracy (e.g., Beck et al. 2019). Note that
Stage-IV data are only available over land for CONUS,
which limits the regions of precipitation verification. Like-
wise, ERA5 has been shown to have the smallest errors in
IVT at the location of dropsondes compared to two other
reanalysis datasets (Cobb et al. 2021). The ERA5 reanalysis
DA system assimilates the wind, temperature, and humidity
data from AR Recon dropsondes when they are available,
as do both the ECMWF and NCEP operational systems.
These facts are important to consider when interpreting the
dropsonde impact results from model runs.

For both precipitation and IVT, mean absolute error (MAE)
and standard point-to-point spatial correlation are used as verifi-
cation metrics with thresholds of 13, 25, and 50 mm (24 h)21 for
precipitation, and 250 and 500 kg m21 s21 for IVT. Note that
the precipitation thresholds are for a 24-h accumulation ending
at 0000 UTC on the valid day. These are common thresholds
for precipitation and IVT verification (e.g., Cordeira et al. 2017;

DeHaan et al. 2021, among many others), and the IVT thresh-
olds also correspond to the AR scale (Ralph et al. 2019). Two
additional metrics are used for precipitation: fractions skill score
(FSS; Roberts and Lean 2008) and watershed intensity error.
FSS is a neighborhood verification method that compares the
fraction of grid boxes above a threshold between the forecast
and observation for a given number of grid boxes. The FSS
ranges in value from 0 (no skill) to 1 (perfect forecast). Since
the models were regridded to a finer resolution before perform-
ing this analysis, a neighborhood size that is smaller than either
the ECMWF or NCEP initial grid resolution would provide
little additional information. We have chosen to use a 9 3 9
square (36 km 3 36 km) as well as a 15 3 15 square (60 km 3

60 km) for the FSS verification. The former is the minimum
reasonable size given the resolution of the models and the lat-
ter is representative of other larger tested neighborhood sizes,
from 52 km3 52 km to 76 km3 76 km.

Given the importance of extreme precipitation skill at the
watershed level to water resource management, we also con-
sider watershed intensity error, as defined below. For this
study, we focus on three California watersheds: the Russian,
Yuba/Feather, and Santa Ana River watersheds (Fig. 1d), all
of which are currently being assessed for Forecast Informed
Reservoir Operations viability (e.g., Jasperse et al. 2020).
Since the concern is for the upper extremes of precipitation,
we created a variation of mean areal precipitation (MAP),
which we will refer to as watershed intensity. Watershed in-
tensity is computed by finding the 90th percentile value of
precipitation of all grid points in each watershed for a given
time (rather than the mean, as done for MAP), which focuses
on the grid points with the most precipitation each day. This
initial calculation results in an intensity value for each forecast
and each watershed, and an error, which is the difference be-
tween the forecast and Stage-IV 90th percentile values. To
then focus on the days with more extreme precipitation, we
only use days where the Stage-IV 90th percentile value is
above a threshold. For the Russian and Yuba/Feather water-
sheds the threshold is 50 mm (24 h)21. For the Santa Ana water-
shed the threshold is 20 mm (24 h)21. These thresholds roughly
correspond to the wettest 25% of days in the time period consid-
ered in this study. For comparison, when the 90th percentile value
is 50 mm (24 h)21 in the Russian or Yuba/Feather watersheds,
the MAP averages approximately 20 mm (24 h)21, and when the
90th percentile value is 20 mm (24 h)21 in the Santa Ana water-
shed, the MAP is approximately 8 mm (24 h)21.

d. Spatial domain, valid days, and lead times

The domains considered for verification are shown in Fig. 1
(approximately 1158–1708W and 188–568N for IVT and land
areas west of 1158W for precipitation). For each threshold
and time, the only grid points within the full domain that are
used in the verification are points where at least one of the ob-
servation, control forecast, or denial forecast has values above
the threshold. These limited domains for the example shown
in Fig. 1 are indicated by the heavy black line in Fig. 1a (IVT)
and Fig. 1c (precipitation). To focus on areas where the drop-
sondes are most likely to have an effect, the domain used for
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IVT verification is limited to ARs east of the western most
dropsonde from the most recent IOP.

Valid days and lead times are limited to times when
there is a reasonable expectation of the dropsondes influenc-
ing the forecast. For IVT, starting on an IOP date, each
consecutive day with an AR east of the western most drop-
sonde is used as a valid day in the analysis. For the sake of
determining valid days, ARs are defined from IVT using
Method for Object-Based Diagnostic Evaluation (MODE;
Bullock et al. 2016) which is a part of the MET package. ARs
are required to have a minimum threshold of 250 kg m21 s21

and a minimum length of 2000 km (DeHaan et al. 2021). Simi-
larly, valid days for precipitation require a region of at least

400 km2 with 24-h accumulated precipitation of 13 mm or
greater.

Forecast initialization times are limited to forecasts initial-
ized from 1 to 5 days after an IOP. While the choice of 5 days
was subjective, a cursory look at all the events in this analysis
indicated that both the AR that was sampled in an IOP and
the precipitation appearing to result from that AR were com-
pleted within 5 days. In addition, AR Recon is focused on im-
proving forecast skill for lead times of 1–5 days.

The reason for choosing the spatial and temporal limitations
defined in this section is to focus on the regions and times specif-
ically targeted for improvement in AR Recon. Future work may
investigate the success of AR Recon in regions not specifically

FIG. 1. Observed values and error differences for IVT and precipitation, valid on 15 Feb 2019. (a) ERA5 IVT (color shading; kg m21 s21)
at 0000 UTC 15 Feb 2019; the heavy black line indicates the area used for IVT verification in this example (union of control, denial, and
ERA5 above 250 kg m21 s21); (b) difference in IVT error (MAE; color shading; kg m21 s21) between control and denial (control2 denial)
for the 96-h ECMWF forecast valid at 0000 UTC 15 Feb 2019 (blue indicates that the control has less error); (c) Stage-IV 24-h accumulated
precipitation ending at 0000 UTC 15 Feb 2019; the heavy black line indicates the area used for precipitation verification in this example (the
union of control, denial, and Stage-IV above 13 mm); (d) difference in 24-h accumulated precipitation error (color shading; mm) between
control and denial (control 2 denial) for the 96-h ECMWF forecast ending at 0000 UTC 15 Feb 2019. Three watersheds are outlined:
Russian (R), Yuba/Feather (YF), and Santa Ana (SA). (e) NCEPGFS analysis IVT (color shading and vectors) and mean sea level pressure
valid at 0000 UTC 11 Feb 2019, and locations of dropsondes during 2019 IOP2.
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targeted by the flights or assess sensitivity to perturbations in the
domains chosen here. While no formal sensitivity test was per-
formed, anecdotal evidence suggests the results are not sensitive
to modest changes in the full domain, and the days excluded
generally did not have significant differences between the con-
trol and denial forecasts.

Initially, the selection of valid days and lead times is the
same for each threshold. At the higher thresholds, we addi-
tionally exclude valid days that do not have enough grid
points above the threshold to reliably calculate the spatial
prediction comparison test (SPCT; Hering and Genton 2011;
Gilleland 2013). For both precipitation and IVT, the mini-
mum size was approximately 100 grid points.

e. Significance

A major aim of this study is to look at the statistical signifi-
cance of the differences between the control and denial fore-
casts. SPCT is used to test for significant differences in MAE
and spatial correlation. A key advantage of using the SPCT
test statistic is that it allows a test of significance for the differ-
ences in a pair of forecasts at a single time. The SPCT uses
MAE and correlation as loss functions and accounts for spa-
tial correlation of the grid points by using an exponential var-
iogram in the computation of the test statistic. The variogram
is a function which describes the degree of spatial dependence
in a field.

To determine significance when considering multiple fore-
casts, confidence intervals are computed using Matlab’s boot-
strapping function (bootci) with a sample size of 1000. For
both, we define significance at 90%.

3. Results

a. Examples from February 2019

One representative case study from this work was an AR
that made landfall over California on 13–15 February 2019
(Fig. 1). This storm was categorized as an AR 5 (extreme or
exceptional) using the AR scale of Ralph et al. (2019) and
caused widespread impacts across California including land-
slides, flash flooding and evacuations (Hatchett et al. 2020).
This AR was sampled during two IOPs on 11 and 13 February
2019. A total of 26 dropsondes were released by one aircraft
to the east of Hawaii sampling the tropical moisture export
(Chen et al. 2022) and the developing AR on 11 February
2019 (Fig. 1e). Two days later, 53 dropsondes were released
by two aircraft over the northeast Pacific sampling the AR
shortly before it made landfall over Northern California. For

the purpose of illustrating the metrics and analysis used in this
study, we focus on the ECMWF 96-h forecast initialized on
11 February. We consider IVT MAE and correlation using a
250 kg m21 s21 threshold and precipitation MAE and correla-
tion using a 25 mm (24 h)21 threshold, as well as FSS and wa-
tershed intensity error (difference in MAE: Figs. 1b,d). The
results for these metrics at these thresholds suggest that the
dropsondes had a positive influence on both the forecasted
IVT and precipitation (Table 2). For example, with the con-
trol forecast, the IVT MAE is reduced by 31 kg m21 s21 com-
pared to the denial forecast. Similarly, the precipitation MAE
is reduced by 13 mm (24 h)21 when the dropsondes are in-
cluded. For this case, every metric was improved with the use
of the dropsondes, and SPCT showed that the improvements
in both the MAE and correlation, for both precipitation and
IVT are all significant at 90%.

However, the influence of dropsondes on the forecast is not
always so clear. The ECMWF forecast initialized at 0000 UTC
12 February 2019, shows mixed results (Fig. 2). This forecast was
initialized a day after the IOP on 11 February. The control has
less IVT MAE than the denial at 24 h (65 versus 72 kg m21 s21;
valid 0000 UTC 13 February, Fig. 2g), and the control also has
less precipitation MAE for the accumulation from 0000 UTC
13 February to 0000 UTC 14 February (12 versus 14 mm; the
48-h forecast). Conversely, the denial has less IVT MAE at 48 h
(87 versus 93 kg m21 s21; Fig. 2h), and less precipitation MAE
for the accumulation between 48 and 72 h (14 mm versus 15 mm;
valid at 0000 UTC 15 February 2019). In this case it is quite possi-
ble that the denial out-performs the control in the later lead
times since the influences of the dropsondes are decreasing with
time. While this was not the only case with a reduction of positive
dropsonde influence with time, it was not found to happen in
general. This points to the complicated influence of dropsondes
on individual forecasts and the need to look more broadly over
many forecasts.

b. Results across all IOPs

The metrics computed in the case study were repeated for
all the valid days and lead times in which an impact from
dropsondes was most likely to be seen, as described above.
The shaded boxes in Figs. 3a and 4a show the valid days and
lead times used for IVT, and the same is shown for precipita-
tion in Figs. 3b and 4b, for the ECMWF and NCEP models,
respectively. We will refer to each valid day and lead time
(i.e., each shaded box in Fig. 3 or Fig. 4) as an “instance”
throughout the manuscript. The values in the grid boxes in
Figs. 3 and 4 are the differences in MAE between the control

TABLE 2. Comparison of validation metrics in the control and denial forecasts with the ECMWF model for the 96-h forecast, valid
at 0000 UTC 15 Feb 2019. Precipitation is the 24-h accumulation ending at 0000 UTC 15 Feb 2019. The verification area is indicated
by the heavy black lines in Figs. 1a and 1c.

IVT control IVT denial Precip control Precip denial

MAE [25 mm (24 h)21 or 250 kg m21 s21] 142 kg m21 s21 173 kg m21 s21 16 mm (24 h)21 29 mm (24 h)21

Spatial correlation [25 mm (24 h)21 or 250 kg m21 s21] 0.63 0.43 0.48 0.36
FSS [25 mm (24 h)21] 0.77 0.59
Watershed intensity error (average of 3 watersheds) 73 mm (24 h)21 80 mm (24 h)21
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and denial forecasts, with significant differences based on
SPCT shaded red or blue. Cells with no values are valid days
and lead times that are excluded from the analysis based on
the criteria listed above. Similar tables were created for other
thresholds for MAE as well as all thresholds for the correla-
tion metric and are shown in the supplemental material.

For the ECMWF model (Fig. 3) there are approximately
twice as many instances with significant improvements (blue
boxes) than there are instances with significant degradations
(red boxes) from the assimilation of the dropsondes for both
precipitation at 25 mm (24 h)21 and IVT at 250 kg m21 s21.
Most improvements in the precipitation forecasts are at lead
times between 48 and 120 h, while dropsonde impacts on
the 24-h precipitation forecasts are overall neutral or
slightly negative. It is quite possible that more improvement
would be seen at the 24-h lead time if the precipitation veri-
fication included values over the ocean instead of being lim-
ited to land values, which are far from the dropsonde
locations. However, the focus of AR Recon precipitation
forecast improvement is over land and is therefore the focus
of this work.

The NCEP model also showed improvements from the as-
similation of the dropsonde data at several valid days and lead
times (Fig. 4); however, instances where there are significant
improvements with the NCEP control forecast differ from the
ECMWF model. For IVT (Fig. 4a), the NCEP model, like
ECMWF, has approximately twice as many instances when
the control forecast significantly outperforms the denial fore-
cast, as compared to instances that have degradations with the
control forecast. For 25 mm (24 h)21 precipitation there are
fewer instances with the NCEP model that show significant
improvement (based on SPCT) with the dropsondes assimi-
lated. However, as will be seen later, there are many cases that
show improvement, but do not pass the SPCT significance test.

One method to summarize the differences between the con-
trol and denial forecasts is to count the number of instances
(valid days and lead times) where one is significantly better
than the other based on the SPCT and compare the mean im-
provement from those instances (Fig. 5). For example, there
are 19 instances where the control forecast outperforms the
denial forecast in IVT MAE for ECMWF, considering both
the 250 and 500 kg m21 s21 thresholds, while there are only

FIG. 2. IVT fields and IVT forecast differences for the 13–15 Feb 2019 case. (a)–(c) IVT (color shading; kg m21 s21) and sea level pres-
sure (contours; hPa) from ERA5, valid at 0000 UTC 13–15 Feb 2019. (d)–(f) Difference between ECMWF Control forecast and ERA5
IVT (control2 ERA5), for the forecast initialized at 0000 UTC 12 Feb 2019, valid on 13–15 Feb. (g)–(i) Difference between the ECMWF
control and denial (control2 denial) forecasts for the forecast initialized at 0000 UTC 12 Feb 2019, valid on 13–15 Feb.
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8 instances where the denial forecast outperforms the control
(Fig. 5a). Eight of the instances that were improved with drop-
sondes occurred at a threshold of 250 kg m21 s21 (blue cells in
Fig. 3a) and the other 11 occurred at the 500 kg m21 s21

threshold (Fig. 1 in the online supplemental material). Note

that there are 5 forecasts that were improved with the control
at both 250 and 500 kg m21 s21, and these are counted sepa-
rately. In addition, the average reduction in MAE with the
control run in the 19 instances when it had less error is greater
than the average reduction in the 8 instances when the denial

FIG. 3. Table of differences (control 2 denial) in MAE from the ECMWF model for valid days and lead times included in the analysis
(all shaded cells) for (a) IVT at 250 kg m21 s21 and (b) precipitation at 25 mm (24 h)21. Blues (numbers or shading) indicate control has
less error; reds indicate denial has less error. Cells are shaded red or blue when the difference between control and denial MAE is signifi-
cant at 90% using SCPT.

FIG. 4. As in Fig. 3, but for NCEP.
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run has less error. The situation is similar for IVT with the corre-
lation metric (Fig. 5b), where the control run has more instances
with a higher correlation and a larger improvement in correlation
compared to the denial run. For precipitation MAE (Fig. 5e) the
sense is the same, while precipitation correlation (Fig. 5f)
shows more cases when the denial outperforms the control, al-
beit with a smaller mean improvement than the control. For
both precipitation metrics, excluding the 24-h forecasts paints
a different picture. With MAE, 7 of the 23 instances of the de-
nial outperforming the control happen at 24-h, while only 1 of
the 32 instances of control outperforming denial occur at a
24-h lead time. For correlation, over half (13 of 25) of the in-
stances of the denial forecast outperforming the control occur
at 24 h, while only 1 of 18 occur at 24-h for the control. This
highlights the positive impact that the dropsondes had on fore-
cast accuracy for precipitation at lead times greater than 24 h
for the ECMWF model.

Results for IVT MAE and correlation for the NCEP model
(Figs. 5c,d) show that there are more instances when the con-
trol forecast outperforms the denial forecast than vice versa,
while the means of those instances are smaller with the con-
trol. For precipitation correlation, the control and denial fore-
casts are quite similar. Precipitation MAE shows more
instances where the denial outperforms the control forecasts;
however, the mean improvement when the control has a bet-
ter forecast is larger than when the denial is the better fore-
cast, which overall represents similar MAE between the two.
It should be noted that using SPCT significance as a precursor
to skill analysis focuses on improvements for single events but

excludes consistent smaller differences over the seasons that
are not individually significant.

Complementing the previous analysis, which was limited to
initializations and lead times significant with SPCT, we also
performed analysis utilizing all initializations and lead times
indicated in Figs. 3 and 4 and determined significance based
on bootstrapping. We first consider averaging over thresholds
and separating the lead times (Fig. 6). For IVT, both models
show generally modest improvement in MAE at all lead
times, with the exception of ECMWF at 48 h. Both models
show stronger results using the IVT correlation metric, with
the ECMWF model showing significant improvement at
24 and 72 h, and the NCEP model showing significant im-
provement at all three lead times (Figs. 6b,f). Note that longer
lead times are not shown here given the small number of valid
days considered at those lead times (Table 3). For precipita-
tion, the ECMWF model has significant improvements in
MAE with the control forecasts at lead times of 48, 72, and
96 h (Fig. 6c). The NCEP model has significant improvements
at lead times of 24 and 72 h (Fig. 6g). The correlation of pre-
cipitation has mixed results, with the only significant improve-
ments with the control forecasts occurring at 48- and 72-h
lead times for the NCEP model (Figs. 6d,h).

Next, we consider averaging over lead times and separating
the thresholds (Fig. 7). Both models show improvements in IVT
MAE (Figs. 7a,e) and correlation (Figs. 7b,f) at both the 250 and
500 kg m21 s21 thresholds, with significant improvements in IVT
correlation using the 500 kg m21 s21 threshold. There are mixed
results for the precipitation correlations (Figs. 7d,h). However,

FIG. 5. Summary of the significant results from Figs. 2 and 3 together with supplemental Figs. 1–8. (a)–(h) Yellow bars are the count of
instances (valid days and lead times shown as blue or red shaded cells in Figs. 2 and 3 and supplemental Figs. 1–8) summed over all thresh-
olds [250 and 500 kg m21 s21 for IVT, and 13, 25, and 50 mm (24 h)21 for precipitation] where either the control or denial significantly
outperforms the other based on SPCT (as indicated by the label). Black dots are the mean improvement of those instances. Right-hand
plots with gray bars show the average values (over all significant instances, from both models, and control and denial) of MAE and corre-
lation for reference.
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there is consistent improvement in the control precipitation fore-
cast as determined by MAE for both models, with significant im-
provement with the ECMWF model at all thresholds (Fig. 7c),
and significant improvements with the NCEP model at 50 mm
(24 h)21 (Fig. 7g).

To better understand the differences in precipitation skill,
we look at two metrics that are not point-based. Point-based
metrics are sensitive to model resolution and can add the
so-called “double penalty” to models with a finer resolution
(Gilleland et al. 2009). To address these issues fractions skill

FIG. 6. Averages of differences (control2 denial) in error or correlation across all thresholds. Boxes are the interquar-
tile range; the middle line is the median and the asterisk shows the mean. Blue colors indicate the control has less MAE
or higher correlation in the mean; red colors indicate the denial has less MAE or higher correlation in the mean. Darker
shades indicate significant differences in the mean based on a 90% confidence interval computed with bootstrapping.
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scores (Roberts and Lean 2008) were calculated using a 9 3 9
grid (36 km 3 36 km) and a 15 3 15 grid (60 km 3 60 km)
(Fig. 8). For reference, the average value (over models, lead
times, valid days, control, and denial) of FSS was approxi-
mately 0.47 for the method with the smaller neighborhood,
and 0.51 for the larger neighborhood method. As seen with
other metrics for the ECMWF model, there is a reduction in
skill at the 24-h lead time with the control forecast that affects
all thresholds. Using the smaller neighborhood size there is an
improvement at all other lead times, while the larger neigh-
borhood size does not show improvement until after the 48-h
lead time. NCEP has improvements with the control forecasts
at all lead times, with significant improvements at the shorter
lead times and higher thresholds, and general agreement be-
tween the two neighborhood sizes.

In an effort to address watershed scale forecast skill, water-
shed intensity error as defined earlier was investigated for
three key watersheds in California: the Russian, Yuba/Feather
and Santa Ana River watersheds (Fig. 9). In the Russian and
Yuba/Feather watersheds, both models show clear improve-
ment with the control forecasts, both in terms of counts of in-
stances where the control forecast has less error (Figs. 9a,b)
and in terms of the average improvement of those instances
(Figs. 9c,d). Over the Santa Ana River watershed the control
forecast showed more instances with less error in the ECMWF
model, but a larger mean difference in the denial forecasts,
and results were relatively neutral for the NCEP model. De-
spite the lack of a clear signal over the Santa Ana River water-
shed, this analysis suggests that the dropsondes did in general
have a positive influence on the precipitation forecasts at the
watershed scale over California.

4. Discussion

Based on data denial experiments, dropsondes from AR
Recon often added value to the forecasts of both IVT and
precipitation for both the NCEP and ECMWF global models
during 2019 and 2020, as summarized in Fig. 10. For compari-
sons in the figure between the control and denial that are based
on a count of instances or a mean value (i.e., Figs. 5 and 9), we
have subjectively chosen to label one better than the other if
the difference in the count or mean is greater than 10% of the
value of the control. While there are several cases where the
dropsondes did not add value, the overall influence of the drop-
sondes is a clear improvement. Based on Lorenc and Marriott
(2014), the strength of the signal of improvement would likely
be clearer with a larger number of IOPs in the analysis.

The metrics used in this study emphasize different attributes
of skill to present a more complete picture of the influences of
dropsonde observations on the forecasts. MAE is a measure

of the magnitude of the errors, while the correlation is mea-
sure of the error in the spatial pattern of IVT or precipitation.
Both MAE and correlation are point-based metrics which do
not consider neighboring grid points, while FSS and watershed
intensity look at precipitation over larger areas. For MAE
and correlation, we considered significance for individual fore-
casts using SPCT, which highlights single forecasts where the
dropsondes had the greatest influence. Basing significance on
averages over many forecasts considers the improvement in a
broader sense.

Improvement across different metrics for the control forecasts
points to the robustness of the improvement. For example, the
enhancements in precipitation skill for both point-based metrics
and metrics covering larger areas suggests that the improvement
in precipitation skill occurs across spatial scales. Conversely, dif-
ferences between results can also provide useful information.
For example, there were largely consistent increases in IVT cor-
relation, but there were fewer reductions in IVTMAE. This sug-
gests that the dropsondes aid more in the positioning of an AR
than with the magnitude. The opposite was true for precipita-
tion, where MAE was generally improved while correlation of-
ten was not. This suggests an improvement in precipitation bias,
without an improvement in location.

There are several instances when either the IVT or the pre-
cipitation demonstrated improvements with the dropsondes,
but not both fields. In some cases, the precipitation is im-
proved 24 h after the IVT improvement. Since the IVT is a
“snapshot” every 24 h, while the precipitation is accumulated
over 24 h, it is reasonable that in some instances precipitation
improvement would correspond to the IVT improvement at
the beginning of the accumulation and not the end. IVT inte-
grated over 24 h would likely have a stronger correspondence
to 24-h accumulated precipitation than an IVT “snapshot.”
Another difference is that the IVT verification is computed
over both land and ocean, while the precipitation verification
is limited to land only, which is both a more limited domain
and farther from the locations of the dropsondes. More gener-
ally, precipitation and IVT could have different responses
since they are very different parameters with different charac-
teristics and predictability. While IVT is a necessary factor for
predicting precipitation (Lavers et al. 2016), there are multi-
ple other factors, such as local terrain, model resolution, verti-
cal motion, AR orientation, and microphysics, that influence
the forecast precipitation accumulation.

There were also differences in the influences of dropsondes
between the two models. These differences could be due to
many factors, including the data assimilation details (e.g., the
analysis scheme, the background error covariance matrix, ini-
tial imbalance, handling of observed time information, or the
amount of satellite data assimilated), as well as the model res-
olution, and model physical schemes. Earlier literature on
adaptive observations (e.g., Bergot 1999; Weissmann et al.
2011) pointed out that the data assimilation method often has
a substantial impact on the data impact of adaptive observa-
tions with an NWP system. Of particular note is use of a 12-h
time window for the ECMWF model data assimilation com-
pared to the use of a 6-h time window for the NCEP model
data assimilation, which could result in smoother fields

TABLE 3. The number of valid days at each lead time (“instances”)
in which the forecasts meet the predefined criteria.

24 h 48 h 72 h 96 h 120 h

Precip 27 24 17 11 4
IVT 29 19 11 4 1
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assimilated into the ECMWFmodel and more small-scale fea-
tures for the NCEP model in short-range forecasts. However,
both models were running in cycled systems, therefore, it is al-
most impossible to quantify what factors are dominating the
model differences, and that is outside the scope of this study.
Generally, it is considered that the quality of a model’s first
guess and the capability of the observations in filling gaps left
from other observations are critical in assessing additional

impacts from target observations (Majumdar 2016; Zheng
et al. 2021b; Sun et al. 2022).

The NCEP model showed more improvement in precipita-
tion forecasts with the dropsondes at shorter lead times than
at longer lead times. Meanwhile, the positive impact on IVT
averaged at all lead times is more pronounced than on the
precipitation. These results are qualitatively consistent with
the findings in Zheng et al. (2021b), which utilized a regional

FIG. 7. As in Fig. 6, but averaged over lead times rather than thresholds.
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modeling system forced by the NCEPGFS analysis and forecast
products. In addition, the NCEP model has most precipitation
skill improvements at the higher thresholds, in agreement with
Lord et al. (2023a), while the ECMWF precipitation results

were less sensitive to thresholds. For the ECMWF model, the
control forecasts have less skill than the denial at a 24-h lead
time but show consistent and generally significant improvement
at longer lead times. One possible factor contributing to the

FIG. 8. Difference in fractions skill score (FSS) between control and denial for both the ECMWF and NCEP models, (a),(b),(e),(f) averaged
over all lead times and (c),(d),(g),(h) averaged over all thresholds using a (top) 36-km neighborhood and (bottom) a 60-km neighbor-
hood. Blue colors indicate that the control has a higher score, and red colors indicate that the denial has a higher score. Dark colors indi-
cate significance based on a 90% confidence interval computed with bootstrapping.

FIG. 9. Counts of instances (valid days and lead times) where each of the control and denial forecasts had
(a),(b) a smaller watershed intensity error magnitude for three California watersheds and (c),(d) the mean difference
(control 2 denial) of the magnitude of the error for those instances. The counts are limited to cases where the difference
between control and denial is greater than 1 mm (24 h)21.
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reduction in skill for the 24-h forecast is that the relative high
skill of the denial forecast at the 24-h lead time (compared to
longer lead times) results in less improvement with the addition
of the dropsondes.

5. Conclusions

We set out to investigate whether the targeted sampling done
as part of Atmospheric River Reconnaissance (AR Recon) re-
sulted in quantitative improvements of integrated vapor trans-
port (IVT) and precipitation forecasts in two global models,
according to AR Recon’s stated goals. The dropsonde impacts
were extensively investigated during the AR Recon 2019 and
2020 periods with the National Centers for Environmental
Prediction (NCEP) Global Forecast System (GFS) and the
European Centre for Medium-Range Weather Forecasts
(ECMWF) Integrated Forecasting System (IFS) models.

Our work illustrates that, more often than not, forecasts
were improved across 22 different IOPs in 2019 and 2020
when dropsonde data were assimilated. Both the ECMWF
IFS and the NCEP GFS models show many improvements in
forecast skill with the added information from the dropsondes,

which aligns well with the work discussed in the Introduction.
In particular, significant improvements in the control forecast
IVT generally occur in both models, especially at a higher
threshold. Significant improvements in the control forecast
precipitation also generally occur in both models, but the two
models are not consistent in the lead times and metrics that
demonstrate the improvements.

AR Recon flight planning strategies are continually adapting
and improving based on the latest science. One key example of
this is the development of AR Recon sequences, consecutive
days with flights, based on the results of Zheng et al. (2021b)
and Stone et al. (2020). The results from this study will further
aid in the development and implementation of impact-informed
sampling strategies, helping flight planners target specific areas
that should have the greatest impact on the forecast. Other
future work may investigate the model sensitivity illustrated
by the differences between the models. The differences between
the IFS and GFS responses to dropsonde assimilation may lead
to physical insights into model parameterization, if there are
identifiable patterns, which may be explored more readily as we
collect more samples of AR storms and model runs with and
without the dropsonde data. Future work will also focus on

ECMWF IVT ECMWF precip NCEP IVT NCEP precip

count / mean count / mean count / mean count / mean

MAE SPCT / / / /

Correla�on SPCT / / / /

Watershed: Russian / /

Watershed: Yuba/Feather / /

Watershed: Santa Ana / /

by lead �me 24h 48h 72h 24h 48h 72h 96h 24h 48h 72h 24h 48h 72h 96h

MAE

Correla�on

FSS (36km)

FSS (60km)

by threshold 250 500 (kg/ms) 13 25 50 (mm) 250 500 (kg/ms) 13 25 50 (mm)

MAE

Correla�on

FSS (36km)

FSS(60km)

FIG. 10. Summary of control and denial experiment results. Blue circles indicate that the control is better, red X marks indicate that the
denial is better, and dashes indicate neither outperforms the other. For metrics by count and mean, a dash is used when the difference is
less than 10% of the control. For metrics by lead time or threshold, symbols are shown for each lead time or threshold in increasing order
[24, 48 h etc., or 13, 25 mm (24 h)21, etc.], and dashes are used when the differences are not significant at 90%.
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assessing data impacts under the framework of probabilistic
forecasting.
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